Like other developing countries, microcredit in Vietnam has been recognized as an important credit source of the poor, who need capital but are normally by-passed by commercial banks. However, the provision of credit to the poor is challenged by the existing tradeoff between depth of outreach and financial sustainability. In this study, Principal Component Analysis and Propensity Score Matching were used to assess whether microcredit reaches the poor and its role in poverty reduction. The Microfinance Fund and Community Development (MFCD), a microfinance institution in Northern Vietnam was selected as a case study. The research has shown that microcredit successfully reaches the poor households as 67% of credit recipients belong to the last three bottom groups. The observed poverty targeting is consistent with the mission of the microfinance institution. In addition, the provision of microcredit has positive but statistically insignificant impact on household income and expenditure. This study suggests that unless access to additional resources should be made available to the poor, a small amount of credit alone could be insufficient to reduce poverty.
Introduction
In developing countries, lack of access to credit is regarded as one of the most crucial reasons explaining why the poor rural households remain poor (Collins et al., 2009 ). Vietnam, a developing country in Southeast of Asia, is not an exceptional case. The rural areas in Vietnam are also the place, where nearly 94% of the poor live. In the country, the provision of credit to farm households is mainly implemented by two banks including the Vietnam Bank for Social Policy and the Agricultural Bank of rural development, which make up about 70% of total rural loans outstanding. Microfinance Institutions (MFIs) have joined to increase the credit supply through microcredit schemes in the rural credit market. However, the share of loan outstanding disbursed by MFIs only represents nearly 1% of the total rural loans outstanding (Tam, 2013) . The credit disbursed to rural areas in Vietnam is far limited when compared to the credit demand of rural areas and the role of rural areas in the socio-economic development of the country. As a consequence, lack of credit and other appropriate and available financial services in rural areas make the poor households in the country very vulnerable to risks (Kim Anh et al., 2011) . In order to increase the provision of credit to the poor, the government has set up the national program for developing microfinance in the whole country up to the year 2020. Accordingly, a number of semi-formal MFIs are targeted to become formal credit institutions. The legal framework has been constructed to promote the development of semi-formal credit organizations. For instance, Decree 165/2007/ND-CP was introduced to regulate the criteria for a MFI to be licensed officially. Apart from creating the opportunities for MFIs to conveniently access capital from donors, the decree also creates the pressure for MFIs to fulfill the requirement of financial sustainability. Under financial pressure, MFIs could shift their focus to lending the wealthier households, which are believed to have better abilities to repay. In other words, the development of rural credit may lead to a situation in that the poor households might be excluded from accessing financial services like microcredit. In order to design credit schemes for poor households, it is very essential to identify the level of serving the poor. It is also necessary to know how credit affects household welfare. Obviously, the continuous provision of microcredit to the poor depends very much on the household benefits from using loans. For these reasons, this study aims to achieve two main objectives: (1) To analyze the extent to which microcredit serves the poor households; (2) To estimate and assess the welfare impact of microcredit on accessed households.
Data and Method

Data
Data used in this study is taken from the household survey carried out in 2012. To eliminate the issue of self-selection bias, both clients and non-clients in the same villages were surveyed. As shown in Table 1 , the total 177 surveyed households are from two districts including Soc Son and Lac Son in the Northern Vietnam. Lac Son is a mountainous and disadvantaged district of Hoa Binh province. It is amongst the poorest districts in the country, with 47% of households living below the national rural poverty line in 2012. As of 2012, it had a population of 134,132, of which 98.51% of population lived in rural areas and engaged in farming activities (General Statistics Office of Vietnam, 2012) . Soc Son is one of the poorest districts of Hanoi, the capital city of Vietnam. These two districts are interesting cases because they are located in different altitudes and obtain different market access conditions to the capital of Ha Noi. Lac Son is located about 111 kilometers, while Soc Son is 32 kilometers far from the center of Hanoi capital. Soc Son has better socio-economic development compared to Lac Son. Both districts have the presence of microcredit served by the Microfinance Fund and Community Development (MFCD). Source: Own data.
In the sampled households, 34.46% borrowed from MFCD and the rest of them did not acquire any loans in the previous 12 months. Each credit-accessed household receives an equal amount of 5 VND millions and pays a monthly interest rate of 1%. The maturity duration of a loan is within 12 months from inception. MFCD, a semi-formal institution, was established and has operated since 2007. Its social mission statement is "improving quality of life and social status of poor households, poor and vulnerable groups in society and their families through the provision of financial services and effective and sustainable non-financial services". Up to 2012, the organization has disbursed over six VND billions to more than 6000 farm households in four provinces including Ha Noi, Hoa Binh, Nghe An and Quang Binh province in Vietnam (MFCD, 2012) . Loans of MFCD are normally disbursed monthly in the group meetings, where staffs of MFCD also receive application forms and collect repayment. The lending schedule is based on the seasonality of agricultural production. Loans are usually disbursed before the start of production seasons, when households need capital to purchase agricultural inputs and production equipment.
2 Method
Poverty Targeting Measurement
In order to evaluate the extent to which credit serves the poor households, this study uses the relative poverty index calculated by Principal Component Analysis (PCA). Relative poverty can reflect the long-term economic status of households and depend less on the short-term fluctuations in income and expenditure (Filmer & Pritchett, 2001 ). The main idea in calculating relative poverty is to reduce the dimensionality of the poverty dataset (Henry, 2003) . The use of the first component , which accounts for a highest eigenvalue of the correlation matrix, is plausible (Abdi & Williams, 2010) . The first component is computed by a linear combination of variables, which best describe poverty situation of households as follows:
Where, w 1 , w 2 , w 3 … w n are the weights specified such that the poverty score index accounts for the maximum variances in X 1¸X2,… X n , which are standardized variables. The analysis is then equivalent to the calculation of the first component from the original variables after these have been standardized. Because the original variables have i 1 1 2 2 n n P w X w X w X    www.ccsenet.org/jas Journal of Agricultural Science Vol. 7, No. 8; very different measurements, they need to be standardized as follows:
Where,
x n is the value of the variable of households in dataset, μ n and S n are the mean and standard deviation of the variable for the whole dataset. Standardized variables have a mean of zero and a standard deviation of one. A household, which has a lower score, is relatively poorer.
Theoretically, variables which might be associated with the poverty status, are selected on the basis of the poverty characteristics of the research areas, the literature review and expert consultation. Furthermore, the final variables used in the Principal Component Analysis are chosen based on the statistical analysis. Accordingly, the criteria for variable selection rely on the strength and significance of the correlation of each variable with the poverty benchmark indicator. Only those statistically correlated with the significance level of less than one percent with the benchmark indicator are used in the Principal Component Analysis. Using a Pearson's r to calculate the correlation between a binary variable and a continuous variable results in an inflated coefficient and leads the researcher to a false conclusion (Becketti, 1994) . The point biserial correlation is therefore a preferred statistical procedure for calculating a simple correlation coefficient between a continuous variable and a dichotomous variable. The point biserial correlation (r bp ) is the value of Pearson's product moment correlation when one of the variables is dichotomous and the other variable is metric (Kornbrot, 2005) . The correlation is computed based on the following formula:
Where, and are means of the continuous variables coded 0 and 1 respectively; and are number of observations coded 0 and 1 respectively;
N is total number of observation ;
̅ is the standard deviation of all the metric observations.
After computing relative poverty scores, non-accessed farm households are first categorized in different groups including the poorest, the less poor, the medium, the better off and the wealthiest. The credit non-accessed households, representing the general households, are used as the reference groups. The interpretation of the poverty targeting in the poorest group is illustrated as an example. If the proportion of accessed households in this group equals 20%, then the proportion of the poorest households among borrowers is the same as in the general population. A proportion greater than 20% means the poverty target is deeper in this group. A proportion less than 20% implies that the poor borrowers in this group are underserved by microcredit.
Impact Estimation
In order to estimate the impact of credit, this study uses the approach of Propensity Score Matching (PSM) instead of using normal regressions. Imbens and Rubin (2015) showed that using simple regression methods to estimate the impact will not necessarily be adequate for removing the biased associated with the differences in covariates. Also, regressions are much more sensitive to functional forms compared to PSM (Blundell & Dias, 2009) . PSM gives less biased estimation results compared to Ordinary Least Square estimation because it compares the outcomes between household groups with similar characteristics (Huber et al., 2013) . Especially, PSM is able to deal with the problem of sample selection bias, a common issue of rural credit studies occurring due to some unobservable variables not taken into the credit access model but also influence the household outcome. More importantly, using PSM is much more flexible to estimate the welfare impact of credit on multiple outcome variables of interest (Caliendo & Kopeinig, 2008) . PSM is estimated through two steps as follow:
The first step is to analyze the factors affecting to the household decision to take credit. Specifically, this procedure is similar to the estimation of a probit model, which is shown in the following equation:
Where:
L i : is a latent variable, which is not observed. L i could be the difference between the benefits and costs of taking a loan. If the difference is positive, then the household chooses to take a loan. However, only the indicator for Vol. 7, No. 8; 2015 47 taking a loan is observed and defined as:
the household took a loan;
T i = 0 otherwise: the household did not take a loan;
X i is a vector of exogenous household characteristics that influence to L i .
Because T i is a binary dependent variable, the application of the Ordinary Least Square (OLS) method suffer some problems. Specifically, the heteroscedastic errors are a function of the parameter vector β. In addition, the predicted values can take values outside the interval of between 0 and 1 (Tektas & Gunay, 2008) . Therefore, the maximum likelihood estimation is more appropriate in this case (Bun, 2002) .
The second step of PSM is to compare the differences in means of outcome variables between non-accessed households and accessed ones. Both groups have similar characteristics except for credit access. The welfare impact denoted by the Average Treatment Effects on the Treated (ATT) and expressed formally as:
Where, In this study, the approach of Nearest Neighbor Matching is selected as a matching algorithm due to the different distribution in the propensity score between two groups. In addition, the matching with replacement is employed due to the higher quality of matching and the smaller bias (Imbens & Rubin, 2015) . In order to make the estimation results less sensitive to infer to the larger population, the bootstrapping technique is further used for PSM (Austin & Small, 2014) . Accordingly, the distribution of the ATT estimator is constructed. All selected variables have positive coefficients indicating a direct relationship between the variable and the relative poverty of households. For instance, the household owning a more valuable home building is relatively wealthier as compared to other ones. Furthermore, the Kaiser-Meyer-Olkin (KMO) test is an index for comparing the magnitudes of observed correlation coefficients with the magnitudes of partial correlation coefficients. The smaller the value of the index, the less appropriate the model. In this study, the KMO equals 0.70 indicating the adequacy of the sampling. In other words, all variables used are appropriate to measure one common component. Vol. 7, No. 8; Note. *** p < 0.001 level (2-tailed); sum of squares (Colum-loading) = 1.
Results
Poverty Targeting of Microcredit
Source: Own calculation.
After computing the relative poverty score for each individual household, 116 credit non-recipients representing the general population were sorted in an ascending order based on their poverty scores. Then, those households were classified into 5 equal groups. The top fifth refers to the "richest" group and the last fifth represents the "poorest" group. As a result, each group accounts for 20% of total non-recipients. Table 3 reports the cutoff scores between five groups . In order to use the relative poverty scores for comparisons, the non-accessed households are first sorted in an ascending order based on their indexes. The top fifth of the non-accessed households will be grouped in the "richest group" and the bottom fifth in the "poorest group". Therefore, each quintile of the non-accessed household represents 20% of total non-recipients. The cut-off scores for each quintile determine the border or the limits between poverty groups. Credit recipients are then assigned in the five groups based on their relative poverty scores. The differences in percentages between credit recipients and non-recipients in each poverty group imply the depth of credit outreach. Figure 1 presents the outreach of microcredit, the indicator of interest. Results showed that credit accessed households are overrepresented in the less poor group while underrepresented in remaining groups. Considering the medium group as the base line of relative poverty, 67% of accessed households belong to the three bottom groups. In general, the poverty targeting in this case is consistent with the explicit mission of MFCD to provide credit to the poor households. However, the poorest are still excluded to access microcredit. These results are in line with those of previous studies. The fact that credit targets the poorest has not previously been described in a number of published studies (Amin et al., 2003; Coleman, 2006; Ghalib, 2011; Li et al., 2011; Milan, 2012) . Also, evidence of Dufhues and Buchenrieder (2005) indicated that the poorest are seldom clients of credit. Another study conducted by Navajas et al. (200) stated that in Bolivia the poorest households are less likely to be assessed as creditworthy or to demand loans of the type offered by the industry. This result may be explained by the fact that poorer households, especially the poorest normally have a lower level of education, limited production skills and limited access to resources.
Welfare Impact of Microcredit
Description of Variables and Assumptions
Access to microcredit is not random but conditional on household endowments. In this study, the choice of relevant variables is based on literature review and potential significance for policy interventions. The description and statistical test for the difference in means of selected variables between different household groups are reported in Table 2 .
Age of household heads represents farming experience, which is relevant to productivity and efficiency of farming production (de Sherbinin et al., 2008) . In addition, age influences the household economic decision making with regard to consumption and production (Girish & Mehta, 2003) . Age also represents the social reputation and attitude to debt, which are crucial in credit transactions. Income generated by household heads and their family increase to a peak as their career develops then declines when they get older. Hence, the age of the household head should be squared (Zeller & Sharma, 2000) .
Gender of household head is another variable of interest. Female headed households are considered to be more creditworthy because female heads tend spend a higher proportion of income on education and health care of their families (Hopkins et al., 1994) . Therefore, female headed farm households are assumed have better credit access.
A household head with a higher level of education is believed to be a better manager regarding farm household decisions, performing better risk management and higher income generation (Foltz, 2004) . Moreover, education level also represents the abilities of households heads to access information and to work in off-farm activities. Lenders believe that more educated households are more creditworthy than less educated ones (Khalid, 2003; Okurut, 2004) . Education and training experiences of borrowers are positively associated to famer profits and their abilities to repay (Brehanu & Fufa, 2008 Note. * significant at 10%; ** significant at 5%; *** significant at 1%. Differences in means of selected variables between accessed households and non-accessed households. t-statistics are computed for continuous variables and Pearson chi2 is applied for discrete variables.
Land size refers to the total land area of the household. Agricultural land is a special input which represents the capacity of farm households to produce higher yield and higher income and resident land reflects the wealth level of households. It is assumed that a larger land size can improve credit accessibility by rural households.
Value of houses at local market prices is an important indicator which indicates the asset value of rural households in Vietnam. A valuable house is believed to represent the relative wealth level of households which determines credit accessibility of households (Takahashi et al., 2010) . The higher value of assets improves repayment rates (Duca & Whitesell, 1995) .
The dummy variable of household location is used to control for the agro-ecological and socioeconomic conditions of both districts that might influence the repayment ability of borrowers. Households in Soc Soc district are assumed to access better socio-economic development conditions and better access to credit.
On the one hand, a larger household size might indicate a greater number of laborers, which create a potential for the household to adopt farming technologies and generate greater profits (Nuryartono et al., 2005) . Larger size households tend to have a better social network increasing the probability of accessing informal credit (Yuan & Xu, 2015) . On the other hand, a larger household size might increase the dependency ratio creating the likelihood of using credit for consumption purposes. Consequently, households with a higher number of dependents are considered to be less able to improve their living standard and hence, less creditworthy (Bao Duong & Izumida, 2002) .
Access to agricultural extension services such as information support, input supply, and training are very essential to help famers manage and use resources more effectively (Buadi et al., 2013) . At the same time, maintaining relationships with agricultural extension stations might improve the household social capital. In return, social capital is very useful to provide information about credit programs to potential borrowers and reduce their costs of searching (Okten & Osili, 2004) .
Exposure to shocks such as bad weather conditions can negatively impact farming productivity . As a consequence, lending to the agricultural sector is considered to be so risky that lenders are not www.ccsenet.org/jas Journal of Agricultural Science Vol. 7, No. 8; willing to participate. Access to credit is, therefore, limited for farmers (Globalagrisk, 2009 ). Economic losses due to agricultural shocks directly reduce income and savings and might push rural households into further poverty.
The distance of the household to the district center is used to capture household access to information, market and transaction costs as well. It is expected that a greater distance hinders household social communication and increases transaction costs, decreasing the probability of credit access and repayment (Khoi et al., 2013; Stanton, 2002) . Table 3 presents the estimated results of the probit model. Wald chi-square statistic equals 73.16 leading to reject the null hypotheses that all parameters in the model are equal to zero. In other words, the model is appropriate at the confidence level of 99%. The probit models predicted 81.36% of all households correctly and the Pseudo R-squared equals 0.43. These results indicate that the goodness of fit are satisfied. Note. Dependent variable: 1 (with access), 0 (without access); * significant at 10%; ** significant at 5%; *** significant at 1%.
Determinants of Credit Access
The coefficients of age and age squared are statistically significant at the 10% level. As expected, access to credit decreases when household heads get older. The gender of household heads has positive sign but is not significant. Microcredit tends be provided to male headed households. In most of rural areas in Vietnam, husbands are still dominant as the household heads.
The educational level of household heads has a positive and significant coefficient at the 5% level. Education enables clients to read and understand the credit contracts, principles, and duties and responsibilities during the membership period. The credit institution seems to target the potential clients, who are literate and have higher educational levels. Educational level is believed to have positive association with income generation and household's production management. In addition, better education can help the credit institution reduce training costs for new members and introduce new innovative courses conveniently. Furthermore, better educational household heads might be more likely to access off-farm activities, which might require a certain level of skills and qualification.
Land size is an important factor determining the credit accessibility because it not only represents one important asset but also reflects the higher demand for credits of rural households. As expected, households with a larger area of land are more likely to access credit.
The coefficient of value of house is negative and significant at the 10% level. A household which owns a more valuable house, is less likely to accessing microcredit. This could be explained by the credit policy of MFCD, which targets the poor households, which own less valuable residential buildings. Another reason could be attributed by the fact that a wealthier household might have less demand for small loans.
The coefficient of family size is positive and significant at the 5% level. This result indicates that households with a higher family size are more likely to access microcredit. Farming production in the research areas is characterized by labor-intensive technology. Larger size households might demand more credit to take advantage of their labor availability.
Households with access to agricultural extension services are likely to access credit. Agricultural extension services not only improve farming technologies but also provide households with necessary information about credit sources.
The positive coefficient of shock losses indicates that households that experience larger shock losses might choose borrowing as a response to cope with shocks. However, this coefficient is not significant.
The sign of the household location is negative but not significant. The sign of this variable is consistent with the hypothesis that in Soc Son district, economic activities could be more active than those in Lac Son, resulting in better access to microcredit.
The variable describing the distance to the market center aims to capture the transaction costs of accessing market. The positive coefficient sign of this variable reveals that the households in further areas might have a higher probability of accessing microcredit. However, the coefficient is not statistically significant.
In summary, household access to credit is associated with educational level of household heads, land size, family size and access to agricultural extension services.
Impact of Microcredit on Household Income and Expenditure
Among welfare indicators, household income and expenditure seem to be the most appropriate indicators (Li et al., 2011; Wetterberg, 2007) . Obviously, household outcome is not only influenced by credit access but also by other endowments. The matching technique is, therefore, necessary to infer the casual impact of credit. The significant variables in the probit model serve as the covariates in the second step of the Propensity Score Matching. The propensity scores of both 61 credit accessed households and 116 credit non-accessed households are estimated. The common support option has been selected is [.05888514, .99966743] . Based on the common scores, the final dataset including 28 credit non-accessed households and 61 accessed ones is used to measure the impact. Table 4 reports the welfare impact of credit denoted by the average treatment on treated effect (ATT). higher than non-accessed households did. However, all welfare differences are not statistically significant at the 10% level.
Discussion
The poor, especially those in disadvantaged areas are able to play a part in creating wealth and improving their livelihood if they begin a small business, improve farming productivity or access employment. The lack of a chance for the poor to become economic independents can lead to the wasteful human capital in the national economic development. Nevertheless, the main disadvantage of the poor is that they lack of access to financial resources to help in archiving their goals. The poor, in general, have a low level of education, limited production skills and limited access to additional resources. Therefore, improving access of the poor to financial services such as microcredit has long been a question of great interest.
This study set out to determine the poverty targeting of microcredit and its contribution in poverty reduction. This study selected the Microfinance Fund and Community Development, a microfinance institution in Northern Vietnam as a case study. To assess the extent to which credit serves the poor, Principal Component Analysis was used to measure the relative poverty indexes, which are less dependent on the purchase power across regions and overtime. The welfare impacts of microcredit on recipients were estimated by calculating average treatment effect on treated through the approach of Propensity Score Matching.
Returning to the research objectives posed at the beginning of the study, it is now possible to state that the microfinance institution has achieved its mission to provide the poor with microcredit services. However, microcredit serves a limited role in improving household income and expenditure. The findings of this investigation complement those of earlier studies. The present study provides additional evidence with respect to the conditions under which credit plays a significant role. Microcredit alone could be not sufficient to poor households, which also demand other complementary services such as risk copping measures access to market and farming technologies. A small amount of loans could be not enough to for farmers to expand production and sustain income. These arguments confirm those by Morduch (1999) , Coleman (1999) , and (Bauchet & Morduch, 2013) , who revealed that small volumes of credit have no significant impacts on farm profits.
